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Abstract  
The study has been carried out in the Pauri Garhwal district of Uttarakh and keeping the focus 
on Corbett Tiger Reserve (CTR). The total area of CTR covered in the scene is 889 sq. km. The main 
aim of the paper is to develop a model by establishing a relationship between backscatter coefficients 
generated from dual polarization L-band ALOS PALSAR data acquired in July 2008 and the field 
inventory data collected by Forest Survey of India team in 2010. A total of 120 sample plots data 
were collected in the area out of which 60 plots were used for the training of the model and the 
remaining 60 plots were left for the validation of the most significant model. The Simple regression 
analysis was computed between HH & HV backscatter as independent variable and per plot biomass 
as dependent variable. The Linear, Logarithmic and Polynomial best fit regression models were 
analyzed. It was found that the coefficient of determination is more with HV backscatter (R
2
=0.75) 
using logarithmic model as compared among HV in linear and polynomial on one hand and HH in 
linear, logarithmic and polynomial on the other hand. To improve the accuracy and to know the 
combined effects of both the polarizations, multiple linear regression analysis (MLR) was applied. 
There was a significant improvement in correlation coefficients (R
2
=0.86). The in-situ field inventory 
data shows that the biomass in the CTR ranges from 9.6 t/ha to 322.6 t/ha. The simple regression 
modelled biomass ranges from 26.2 t/ha to 401.43 t/ha, whereas the MLR modelled biomass ranges 
from 10.96 t/ha to 312.64 t/ha. The majority of the area was found to be in the range of 100 t/ha to 
150 t/ha biomass. The coefficient of determination (R
2
) between observed and predicted biomass was 
found to be 0.734 with simple regression, whereas it was found to be 0.83 with MLR. 
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1. Introduction  
In the regulation of global climate change “Forests” play a key role. It retains large amount of 
carbon over a long period and thus acts as both sink and source of carbon dioxide (CO2). The 
estimation and monitoring of CO2 source and sink are required for the greenhouse gas inventories, 
terrestrial carbon accounting and modelling climate change (Dobson et al., 1992; Falkowski et al., 
2000; Schimel et al., 2001; Canadell et al., 2004; Houghton, 2005; Schulze, 2006; Heimann and 
Reichstein, 2008; Le Quere et al., 2009; Loarie et al., 2009). Approximately 50% of the carbon is 
stored in biomass, thus continuous and effective monitoring is required to estimate the vegetation 
biomass especially in forest ecosystem.  
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The forest ecosystem is changing; the rate of change, growth and addition of biomass should 
be carefully understood to develop a more accurate methodology for the estimation of factors 
responsible for change. The destruction in the forest ecosystem leads to the emission of CO2 and 
other greenhouse gases which results in climate change. The climate change will result in large shifts 
in the distribution of forest biomes which in turn will significantly change the amounts and patterns 
of carbon storage in these ecosystems. The mapping and to understand the pattern of change in the 
forest above ground biomass (AGB) and carbon is an important and challenging task to perform. 
 
In earlier days destructive method was adopted which was also known as the harvest method 
(Goetz et al., 2009; Malhi et al., 2004). According to Gibbs et al (2007) this method was the most 
direct method for the estimation of above ground biomass and the carbon stocks stored in the forest 
ecosystem. This method is used for development of location and species-specific allometric equations 
used for accessing biomass on large scale. The Allometric method (Chave et al., 2005; FAO, 1997; 
IPCC, 2006) is based on the principle that every components of trees shows relationship with each 
other. It is a non-destructive method for the estimation of biomass without felling and thus widely 
used. In the forest inventories different biometric parameters of trees like diameter at breast height, 
circumference at breast height (CBH), height, wood density, crown diameter etc. are measured and 
used to establish an allometric equation by establishing the relationship between these parameters 
with above ground biomass. In India biomass, carbon stock and carbon budget estimation is done by 
various workers (Ravindranath et al., 1997; Lal and Singh, 2000; Chhabra et al., 2002) on the basis of 
growing stock (GS) volume data of forest inventories and appropriate conversion factor related to 
both biomass and carbon. Remote sensing data are playing an important role in biomass assessment. 
An approach for the assessment of forest biomass and carbon is boosting day by day using remote 
sensing technology. As the biomass or carbon cannot be measured directly from remote sensing 
sensors, it needs the in-situ ground inventory data for establishing a relationship between the biomass 
and sensor signals (Rosenqvist et al., 2003). The optical remote sensing data was widely used for the 
mapping and modelling of AGB by establishing a relationship between spectral responses or 
vegetation indices derived from multispectral image and plot level biomass. The optical remote 
sensing has limited capacity to predict the accurate biomass because of low saturation level of the 
spectral bands and the derived spectral indices which results in poor correlation between spectral 
indices and biomass. The frequent cloud cover in the tropical region hindered the acquisition of high 
quality data in all weather conditions. 
 
From the last two decades the focus has changed from optical data to SAR data for the 
assessment. The main advantage of SAR data is its all weather and night availability with longer 
wavelength and deeper penetration depth, greater sensitivity to biomass and availability of data 
(Santoro et al., 2006; Santoro et al., 2009; Morel et al., 2011). The SAR data have been used 
numerously by scientists to estimate the retrieval of biomass using radar data and variations in the 
forest ecosystem biomass (Sader, 1987; Wu, 1987; Hussain et al., 1991; Dobson et al., 1992; 
Kasischke, 1992; Le Toan et al., 1992; kasischke et al., 1994a). The longer wavelength of SAR data 
(L and P bands) proves to be more useful than shorter wavelengths (X and C bands) because of 
increasing backscatter range. The strength of the relationship depends on the size of the sample plots 
(Mitchard et al., 2009; Saatchi et al., 2011) and hence should be carefully chosen and laid. The 
simplest approach of biomass modelling is used in the upper stretches of CTR i.e. the backscattering 
coefficient derived from the data is correlated with the field inventory data. This approach has been 
tested throughout different forest types in the world with high degree of correlation between observed 
and predicted forest biomass (Hussein et al., 1991; Le Toan et al., 1992; Dobson et al., 1992). The 
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 potential of L-band radar backscatter to estimate aboveground biomass (AGB) has been studied for 
most forest types (Harrell et al., 1995; Imhoff, 1995; Kasischke et al., 1995; Le Toan et al., 1992; 
Lucas et al., 2010; Pulliainen et al., 1996; Santoro et al., 2006). The saturation of the SAR data is one 
of the challenge in the biomass modelling. The reported saturation level for the L-band data ranges 
between 40 t/ha (Luckman et al., 1997; Imhoff, 1995) to 150 t/ha (Kuplich et al., 2005; Lucas et al., 
2007; Mitchard et al., 2009). The saturation level for biomass in X and C band is very low (30 t/ha to 
50 t/ha). Remote sensing, being an advanced technology is quite useful for reliable estimation of 
vegetation biomass and carbon over large areas. Furthermore, remote sensing is also useful for 
stratification of forests and in selection of proper sample plots for enumeration which is otherwise not 
possible through convention methods. Most of the studies with optical sensors have estimated 
biomass indirectly because of the several inherent limitations of optical data such as: inability to 
penetrate the vegetation canopy, insufficient sensitivity to forest structure and above ground biomass, 
inadequate temporal frequency because of persistent cloud cover etc. It is proposed to evolve 
methods to improve the assessment of phytomass/Carbon using optical and Microwave remote 
sensing data and suggest method for improvements in estimates of biomass. Taking the advantage of 
the deeper penetration of longer wavelength in the forest canopy, an attempt was made to develop 
empirical relationships between microwave backscatter from satellite and the biomass levels so as to 
estimate the forest biomass of the study area. The significant empirical relationship was used for the 
spectral modelling of biomass in the whole study area. 
 
2. Materials and Methods 
2.1. The study area  
The Corbett Tiger Reserve lies between the latitudes 29
o
 25' N to 29
o
 40'N & longitudes 78
o
 
5' E to 79
o
 5' E. It spreads through 3 districts of Uttarakhand namely Pauri, Nainital, Almora and a 
small part falls in Amangarh, Bijnore district of eastern Uttar Pradesh. The Ramganga, Palain and 
Sonanadi River flow through these valleys. The vegetation in CTR is of forests, grasslands and 
riparian types. Floral diversity of CTR is very rich as the major portion of the reserve is confined to 
Bhabar tract of Shiwalik formation. There are 617 species of the flora under 410 genera 111 families 
of Angiosperms (Monocot-132, Dicots-462), 1 Gymnosperm and 22 Fern and fern allies. There are 
more than 110 tree species in the forest. Notably 73% is constituted by Sal (Shorea robusta) forests. 
A frequent associate of Sal is Adina cordifolia. The predominant species in the higher ridges is Bakli 
(Anogiesus latifolia) and the other associates are Bauhinia rausinosa), Lagerstromia parviflora, 
Cassia fistula, Semecarpus anacardium. Chir (Pinus roxburghii) the only conifer is confined to some 
of the highest ridges around Sultan. The river valley, high banks and islands are dominated by 
Delbergia sissoo. Lantana camara is profusely invading in the reserve, inhibiting the growth of other 
species. Cannabis sativa is also found extensively in the grasslands. 
 
2.2. Satellite data  
The Phased Array type L-band Synthetic Aperture Radar (PALSAR) is an active microwave 
sensorusing L-band frequency to achieve cloud-free and day-and-night land observation. ALOS 
PALSAR Fine Beam dual Polarization (FBD) scene was obtained from the Alaska satellite Facility. 
The data of July 2008 was downloaded which consists of two bands in HH and HV polarization 
having spatial resolution of 15.85 m. 
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Figure 1: Plot locations for Field Data inventory. 
 
 
2.3. Field data collection 
 
A two stage sampling design is formulated for national forest inventory. In the first stage the 
country is divided into homogeneous strata based on physiography, climate and vegetation. Samples 
of 10 percent districts proportion to their sizes are selected randomly for the detailed inventory. For 
each selected districts, Survey of India (SOI) topo sheets of 1:50,000 scales (size 15’×15’) are 
divided into 36 grids of 21/2’×21/2’ which is further divided into sub-grids of 11/4’×11/4’ forming the 
basic sampling frame. Two of these sub-grids are then randomly selected to lay out the sample plots. 
The sample plot of size 31.62×31.62m was laid and the diameter at breast height (DBH) of all tress 
having DBH 10cm and above using caliper, double bark thickness using 6
2
 steel scale, height of the 
tress using Hypsometer and crown width were measured and recorded. The sample plot is divided 
into sub-sample plots of 5×5m for herbs and 1×1m for shrubs. 
 
2.4. Plot level biomass  
The allometric equations developed by Forest Survey of India (1996) were used. The data 
base of the field data was created in the MS Excel sheet and analyzed in SPSS software. The 
circumferences at breast height were converted into diameter and basal area was calculated. The 
volume of each tree within the plot was estimated using aforementioned allometric relationship. The 
selection of volume equation for a species depends upon the ‘n’ (total number of sample tree on 
which regression equation are based) and ‘R2’ (Coefficient of determination). The value obtained 
from the equation was multiplied with wood specific gravity (Forest Research Institute, 1996) to 
estimate the biomass. 
= × 
 
The total biomass of all the trees within the plot were obtained by multiplying the obtained 
biomass with Biomass Expansion Factor (BEF) and the oven dry weight of shrubs, herbs and litters 
were all added to get the plot level biomass which was further taken on to pixel level biomass. 
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2.5. Image processing  
The dual polarization ALOS PALSAR data acquired is imbedded with inherent speckle noise 
which reduces the appearance of data. Multilook operator was used to reduce the inherent speckle and 
to get a nominal image pixel size. The terrain correction was carried out using 30m resolution SRTM 
DEM obtained USGS earth explorer in ASF tool of PolSAR-Pro followed by speckle filtering. The 
data was provided with the digital numbers (DN) which was converted in to backscattering 
coefficient using the formula: 
  °[  ] = 10   10(   )2 + Shimada, et al. , 2009 
 
Where: 
 
CF = -83 [dB] 
 
The formula was applied on both the HH and HV polarizations to get backscattered images. 
The backscattering coefficients values were different for both the polarizations. The range boundaries 
of the Corbett Tiger Reserve were used in Arc-GIS to extract the area falls under the reserve. The 
sampling was done for the whole region to reduce the uncertainty in the modelling. 
 
2.5.2. Biomass modelling and mapping  
The Global Positioning System (GPS) locations of the sample plots were converted into point 
shape using Arc GIS software. Half of the sample plot information was used for the training of 
models for the assessment of biomass and the remaining half was used for the validation of the 
model. The plot information used for the training was overlaid on back scattered image of HH and 
HV polarizations. The sigma naught (σo) backscattering coefficient values were extracted from the 
plots. The backscattered values for both the polarizations were correlated with the plot level biomass. 
The best fit model was selected for the modelling of biomass in the Corbett Tiger Reserve. 
 
3. Results and Discussion 
 
3.1. Plot level biomass  
The destructive methodology has been preceded by non-destructive methodology for biomass 
estimation. The plot level basal area was taken as variable for the estimation of biomass. A significant 
coefficient of correlation (R
2
=0.94) was found between the basal area and biomass in 120 sample 
plots. The biomass in the region ranges between 10.12 t/ha and 322.61 t/ha. The majority of the area 
was found to be in the range of 100 t/ha to 150 t/ha biomass. The possible explanation for significant 
degree of determination might be related to the fact that this region is a protected area in which 
periodic silvicultural practices has been applied for its management. 
 
3.2. Biomass modelling and estimation  
The satellite image was extracted for the ranges lies within Corbett Tiger Reserve. The aim 
was to estimate the biomass in the tiger reserve, thus the remaining regions were not used in the 
modelling. The Figure 3 & 4 shown below are the backscatter image of both the polarizations falls 
within the tiger reserve. The backscattering coefficients for the field plots ranged from -31.52 to 
12.75 dB in HV polarization (Figure 3) whereas it ranges from -26.76 to 16.64 dB in HH polarization 
(Figure 4). The HV backscatter was observed to be less as compared with HH polarization. 
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The less value of HV polarization is due to its multiple interactions with the forest canopy as 
compared with HH polarization. The less negative values and higher positive values were discarded 
before setting up the relationship.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3: HV Backscatter image of ALOS Figure 4: HH Backscatter image of 
PALSAR ALOS PALSAR 
  
  
 
The biomass values were to be predicted (dependent variable) on the basis of backscatter 
coefficients (independent variable). Thus, simple regression analysis was performed for the 
analysis. The plot level biomass were plotted on the Y-axis and the backscatter values were plotted 
on the X-axis to obtain scatter plot. 
 
The best fit regression models were tried on the data sets. The linear best fit regression line 
between plot level biomass and HV and HH backscatter are shown in Figure 5a & 5b. The coefficient 
of determination is more with HV backscatter (R
2
=0.75). It shows that 75% variability in the biomass 
can be addressed by HV backscatter. It was found low with HH backscatter (R
2
=0.45). Similarly, the 
logarithmic best fit regression line was applied with both the polarizations. It was found that the 
logarithmic regression provides the best regression model with HV polarization having a highest 
coefficient of determination (R
2
=0.754) with respect to HH (R
2
=0.48) polarization (Figure 5c & 5d). 
 
Polynomial equation was considered to be least significant among other equations for the 
modelling. The figure 5e and 5f represents its regression with HV and HH polarization. The 
coefficient of determination (R
2
) was observed to be 0.73 with HV backscatter and 0.48 with HH 
polarization. It was observed from the graphs that the regression lines were saturating when the range 
of biomass crosses 150 t/ha. The regression graphs are shown below in Figure 5. 
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Figure 5: Regression graphs 
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Among different curve progression (linear, logarithmic, polynomial) of correlation the 
optimal equation with high coefficient of determination (R
2
=0.75) was derived from HV backscatter 
in logarithmic model when used independently and was found to be: 
= 4.8561 ln  − 24.796 (1) 
 
Where:  
Y=Backscatter coefficient (σ0 [dB]) 
X = Biomass 
 
The results were compared with the studies carried out on the similar principle across the 
world. It was found that the backscatter from the forests depends on the structural properties (Imhoff, 
1995a). It has been demonstrated that there is a strong relationship between backscatter coefficients 
and above ground biomass within a particular forest types (Le Toan et al., 1992; Dobson et al., 1992; 
imhoff, 1995b). A model based approach had been investigated for stem wise forest stem volume 
retrieval using JERS-1 L-band SAR data in Sweden, Finland and Siberia. In dense forest the 
backscatter shows a difference of ~4dB, whereas in sparse forests, the backscatter depends on the 
dielectric properties of the forest floor showing smaller difference throughout the year (Santoro et al., 
2006). A similar study had been conducted by Luckman et al., (1997) in the central Amazon basin 
using ERS-1 & JERS-1 satellite. It was concluded that the longer wavelength (L-Band) is more 
suitable to discriminate between different levels of forest biomass up to a certain threshold because of 
its deeper penetration into the vegetation canopy. The cross polarized backscatter is more sensitive to 
changes in biomass density because of its crown scattering mechanism. In the case with shorter 
wavelength (C-Band), it has been difficult to differentiate between vegetation and bare soil when it is 
dry. In the simple regression analysis only one independent variable was used for the prediction of 
biomass in the region. To improve the accuracy and to know the combined effects of both the 
polarizations, multiple regression analysis was applied. The multi-linear regression analysis has been 
done using plot level biomass as dependent variable and HH & HV polarizations as independent 
variables. There was a significant improvement in correlation coefficients (R
2
=0.86). The equation 
developed using multi-linear regression analysis was found to be: 
= 1.364    − 0.098   + 28.20 (2) 
 
 
This equation 2 obtained from independent HV backscatter and biomass using logarithmic 
model and the equation 3 obtained from MLR analysis were used for above ground biomass mapping 
in CTR. Both the models were run independently to predict the biomass from plot level to the whole 
study area. The modelled biomass using equation 2 varies from 26.2 t/ha to 401.43 t/ha. The 
modelled biomass using equation 3 varies from 10.96 t/ha to 312.64 t/ha. The predicted biomass 
range using equation 3 was very close with the field data because of the combined potential of both 
the polarization. A simple approach to evaluate the model is to regress predicted verses observed 
values. Thus, the biomass maps obtained through the modelling using both the equations 2 & 3 were 
plotted against the remaining in-situ plot biomass (60 sample plots) left for the validation of the 
model. The observed plot biomass was represented on X-axis and the predicted biomass was 
represented on Y-axis. A significant coefficient of determination (R
2
=0.734) is obtained between 
observed biomass and predicted biomass in case of values predicted by single regression analysis 
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using HV backscatter (fig 6). Whereas, a strong coefficient of determination has been observed with 
Multiple Linear Regression based biomass map and in-situ data (R
2
=0.83) (Figure 7). The total of 
83% variability can be addressed by observed value to explain predicted values using MLR based 
equations whereas only 73.4% variability can be addressed using simple regression model. The result 
explains that both the parameters are essential for the estimation of biomass using microwave data. 
The figure 8 represents the biomass distribution map in the ranges of Corbett Tiger Reserve. The map 
clearly shows the majority of the area is dominated with the biomass range between 100 t/ha to 150 
t/ha. It was observed during the field visit that few regions which were showing high biomass region 
i.e. more than 200 t/ha was actually not existing. The reason for this overestimation was due to the 
topographic distortion of layover and foreshortening in the SAR image. This topographic effect can 
be reduced by using different incidence angle SAR images in both the ascending and descending 
mode. The accuracy of the model can further be improved by utilizing the capabilities of fully 
polarimetric data. The semi-emperical models such as water cloud model (WCM), Extended water 
cloud model (EWCM) will have the capabilities to improve the biomass estimation in the region. The 
launch of NISAR mission in 2020 is going to be a great opportunity for mapping the biomass and 
carbon stock all across the country with a reliable and accurate means. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6: Observed vs Predicted  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 7: Observed vs Predicted Biomass using MLR. 
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Figure 8: Distribution of Biomass in CTR. 
 
4. Conclusions 
The potential of L-band ALOS PALSAR dual polarization data has been investigated for the  
biomass retrieval in the CTR. The L-band ALOS PALSAR data is proved to be sensitive to the 
differences in the biomass and thus very useful in the AGB mapping in CTR. The simple regression 
analysis and multi-linear regression have been tried for biomass mapping in CTR. The best correlated 
model is derived from the relationship between backscatter coefficient of ALOS PALSAR and plot 
level biomass. Among the two polarizations HH & HV, HV found to be strongly correlated with plot 
biomass. The field inventory data shows that the biomass in the CTR ranges from 9.6 t/ha to 322.6 
t/ha. The modelled biomass represents that the majority of the area is dominated with the biomass 
ranges from 100 t/ha to 150 t/ha. The total biomass in the upper stretches of CTR covering an area of 
889 sq. km is found to be 8.9 million tonnes. A significant coefficient of determination is observed 
between the observed and predicted biomass on 95% confidence interval modelled using MLR. The 
MLR proves to be more effective for modelling as compared with SLR modelling. It was observed 
that the sample plot should be large enough to obtain a better relationship between backscattering 
coefficients and AGB as the area is rich in biodiversity and have complex structure of vegetation. The 
intensity of backscatter also gets saturated around 100 Mg/ha. Some uncertainties have been observed 
through the area having steep slopes. The layover and foreshortening were the major causes for the 
uncertainty. The overall accuracy of the result can further be enhanced using Quad polarization data 
and through the technique of Polarimetric decomposition. 
 
Acknowledgements 
The work in this paper was carried out with the support of ‘Forest Inventory Unit’ Forest Survey 
 
of India, Dehradun. The author wishes to thank Director General (DG) and Assistant Director 
General (ADG) Forest Survey of India for valuable guidance and support. 
 
References  
Canadell, J., Ciais, P., Cox, P., &Heimann, M. (2004). Quantifying, understanding and managing the 
carbon cycle in the next decades. Climatic Change, 67(2–3), 147–160. 
 
 
 
117 
 Chhabra, A.; Palria, S. and Dadhwal, V.K. (2002). A spatial distribution of phytomass carbon in 
Indian forests. Global Change Biology 8(12): 1230-1239. 
 
Chave, J., Andalo, C., Brown, S., Cairns, M. A., Chambers, J. Q., Eamus, D., et al. (2005). Tree 
allometry and improved estimation of carbon stocks and balance in tropical forests. 
Oecologia, 145, 87−99. 
 
Dobson, M. C., Ulaby, F. T., Le Toan, T., Kasische, E S., and Christensen, N. (1992), Dependence of 
radar baekseatter on coniferous forest biomass. IEEE Transaction on Geoscience and Remote 
Sensing, 30(2):412-415. 
 
Falkowski, P., Scholes, R., Boyle, E., Canadell, J., Canfield, D., Elser, J., et al. (2000). The global 
carbon cycle: A test of our knowledge of earth as a system. Science, 290(5490), 291–296. 
 
FAO (1997). Estimating biomass and biomass change of tropical forests: a primer. FAO Forestry  
Paper, 134, Rome, Italy: Food and Agriculture Organization (FAO). 
 
Gibbs, H. K., Brown, S., Niles, J. O., & Foley, J. A. (2007). Monitoring and estimating tropical forest 
carbon stocks: Making REDD a reality. Environmental Research Letters, 2, 1−13. 
 
Goetz, S. J., Baccini, A., Laporte, N. T., Johns, T., Walker, W., Kellndorfer, J., et al. (2009). 
Mapping and monitoring carbon stocks with satellite observations: A comparison of methods. 
Carbon Balance and Management, 4, 1−7. 
 
Harrell, P. A., Bourgeau-Chavez, L. L., Kasischke, E. S., French, N. H. F., & Christensen, N. L. 
(1995). Sensitivity of ERS-1 and JERS-1 radar data to biomass and stand structure in Alaskan 
boreal forest. Remote Sensing of Environment, 54, 247–260. 
 
Heimann, M., & Reichstein, M. (2008). Terrestrial ecosystem carbon dynamics and climate 
feedbacks. Nature, 451, 289–292. 
 
Houghton, R. (2005). Aboveground forest biomass and the global carbon balance. Global Change 
Biology, 11(6), 945–958. 
 
Hussain, Y.A., Reich, R.M., and Hoffer, R.M., 1991. Estimating slash pine biomass using radar 
backscatter. I.E.E.E. Transactions on Geoscience and Remote Sensing, 29, 427-431. 
 
Imhoff, M. L. (1995). A theoretical analysis of the effect of forest structure on synthetic aperture 
radar backscatter and the remote sensing of biomass. IEEE Transactions on Geoscience and 
Remote Sensing, 33, 341–352. 
 
Imhoff, M. L. (1995). Radar backscatter and biomass saturation: Ramifications for global biomass 
inventory. IEEE Transactions on Geoscience and Remote Sensing, 33, 511–518. 
 
IPCC (2006). IPCC guidelines for national greenhouse gas inventories. In S. Eggleston, L. Buendia, 
K. Miwa, T. Ngara, & K. Tanabe (Eds.), Japan: IGES. 
 
Kasischke, E. S., Christensen, N. L., &Bourgeau-Chavez, L. L. (1995). Correlating radar backscatter 
with components of biomass in loblolly pine forests. IEEE Transactions on Geoscience and 
Remote Sensing, 33, 643–659. 
 
Kasischke, E.S., 1992. Monitoring changes in above ground biomass in loblolly pine forests using 
multi-channel synthetic aperture radar data. PhD. Dissertation. The University of Michigan, 
Ann Arbor, MI 48109. 
 
 
 
 
118 
  
Kumar et al. /Journal of Tropical Forestry and Environment Vol. 7, No. 02 (2017) 108-120 
 
 
Kasischke, E.S., Bourgeau-Chavez, L. L., Christensen, N.L.JR., and Haney, E., 1994a. Observation 
on the sensivity of ERS-1 SAR image intensity to change in above-ground biomass in young 
loblolly pine forests. International Journal of Remote sensing, 15, 3-16. 
 
Kuplich, T. M., Curran, P. J., & Atkinson, P. M. (2005). Relating SAR image texture to the biomass 
of regenerating tropical forests. International Journal of Remote Sensing, 26, 4829−4854. 
 
Lal, M., and Singh, R.(2000). Carbon sequestration potential of Indian forests. Environment 
Monitoring Assessment 60:315-327. 
 
Le Quere, C., Raupach, M., Canadell, J., Marland, G., Bopp, L., Ciais, P., et al. (2009). Trends in the 
sources and sinks of carbon dioxide. Nature Geoscience, 2, 831–836. 
 
Le Toan, T., Beandoin, A., and Guyon, D. (1992), Relating forest biomass to SAR data, IEEE Trans. 
Geosci. RemoteSens. 30(2):403-411. 
 
Loarie, S., Asner, G., & Field, C. (2009). Boosted carbon emissions from Amazon deforestation. 
Geophysical Research Letters, 36, L14810, doi:10.1029/2009GL037526. 
 
Lucas, R. M., Mitchell, A. L., Rosenqvist, A., Proisy, C., Melius, A., & Ticehurst, C. (2007). The 
potential of L-band SAR for quantifying mangrove characteristics and change: Case studies 
from the tropics. Aquatic Conservation—Marine and Freshwater Ecosystems, 17, 245−264. 
 
Lucas, R., Armston, J., Fairfax, R., Fensham, R., Accad, A., Carreiras, J., et al. (2010). An evaluation 
of the ALOS PALSAR L-band backscatter — Above ground biomass relationship 
Queensland, Australia: Impacts of surface moisture condition and vegetation structure. IEEE 
Journal of Selected Topics in Applied Earth Observation and Remote Sensing, 3, 576–593. 
 
Luckman, A., Baker, J., Kuplich, T. M., Yanasse, C. D. F., &Frery, A. C. (1997). A study of the 
relationship between radar backscatter and regenerating tropical forest biomass for spaceborne 
SAR instruments. Remote Sensing of Environment, 60, 1−13. 
 
Malhi, Y. P. (2002), Forests, carbon and global climate. Philosophical Transactions of the Royal 
Society of London A ,pp 15671591. 
 
Malhi, Y., Baker, T. R., Phillips, O. L., Almeida, S., Alvarez, E., Arroyo, L., et al. (2004). The above-
ground coarse wood productivity of 104 neotropical forest plots. Global Change Biology, 10, 
563−591. 
 
Mitchard, E. T. A., Saatchi, S. S., Woodhouse, I. H., Nangendo, G., Ribeiro, N. S., Williams, M., et 
al. (2009). Using satellite radar backscatter to predict above-ground woody biomass: A 
consistent relationship across four different African landscapes. Geophysical Research 
Letters, 36. 
 
Morel, A.C., Saatchi, S. S.,Malhi, Y., Berry, N. J., Banin, L., Burslem, D., et al. (2011). Estimating 
aboveground biomass in forest and oil palm plantation in Sabah, Malaysian Borneo using 
ALOS PALSAR data. Forest Ecology and Management, 262, 1786–1798. 
 
Pulliainen, J. T., Mikkela, P. J., Hallikainen, M. T., &Ikonen, J. P. (1996). Seasonal dynamics of C-
band backscatter of boreal forests with applications to biomass and soilmoisture estimation. 
IEEE Transactions on Geoscience and Remote Sensing, 34, 758–770. 
 
Ravindranath,  N.H.,Somashekhar,  B.S.  and  Gadgil,  M.  (1997).  Carbon  flows  in  Indian  forests. 
Climate Change 35:297-320. 
 
 
119 
 Rosenqvist, A., Shimada, M., Igarashi, T., Watanabe, M., Tadono, T., & Yamamoto, H. (2003). 
Support to multi-national environmental conventions and terrestrial carbon cycle science by 
ALOS and ADEOS-II-the Kyoto and carbon initiative. Proceedings of 2003 IEEE 
International on Geosciences and Remote Sensing Symposium, 3. (pp. 1471–1476). 
 
Saatchi, S., Marlier, M., Chazdon, R. L., Clark, D. B., & Russell, A. E. (2011). Impact of spatial 
variability of tropical forest structure on radar estimation of aboveground biomass. Remote 
Sensing of Environment, 115(11), 2836–2849. 
 
Sader, S. (1987), Forest biomass, canopy structure, and species composition relationships with 
multipolarization L band synthetic aperture radar data. Photogrammetric Engineering and 
Remote Sensing , 55, pp 193–202. 
 
Santoro, M., Eriksson, L., Askne, J., &Schmullius, C. (2006). Assessment of stand-wise stem volume 
retrieval in boreal forest from JERS-1 L-band SAR backscatter. International Journal of 
Remote Sensing, 27, 3425–3454. 
 
Santoro, M., Fransson, J. E. S., Eriksson, L. E. B., Magnusson, M., Ulander, L. M. H., & Olsson, H. 
(2009). Signatures of ALOS PALSAR L-band backscatter in Swedish forest. IEEE 
Transactions on Geoscience and Remote Sensing, 47, 4001–4019. 
 
Schimel, D., House, J., Hibbard, K., Bousquet, P., Ciais, P., Peylin, P., et al. (2001). Recent patterns 
and mechanisms of carbon exchange by terrestrial ecosystems. Nature, Nature, 414(6860), 
169–172. 
 
Schulze, E. (2006). Biological control of the terrestrial carbon sink. Biogeosciences, 3(2), 147–166. 
 
Shimada, M., Isoguchi, O., Tadono, T., &Isono, K. (2009). PLASAR radiometric calibration and 
geometric calibration. IEEE Transaction on Geosciences and Remote Sensing, 3, 765–768. 
 
Wu, S.T., 1987. Potential application of multipolarization SAR for pine – plantation biomass 
estimation. I.E.E.E. Transactions on Geoscience and Remote Sensing, 25, 403-409. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
120 
